The human genome contains hundreds of thousands of missense mutations. However, only 35 a handful of these variants are known to be adaptive, which implies that adaptation through 36 protein sequence change is an extremely rare phenomenon in human evolution. 37
Over half a million missense variants have been identified in human populations, of which 58 a substantial number occurs at significant frequency (> 1%; 33,369 missense variants) 59 (1000 Genomes Project Consortium 2015 . While previous studies have shown the 60 potential for ample adaptive coding variation in the human genome (Boyko et al. 2008 ; 61 Enard et al. 2014) , they have pinpointed only a few missense polymorphisms to be adaptive 62 (Grossman et al. 2013; Hernandez et al. 2011 ) ( Table 1) . It is possible that virtually all of 63 the common human missense polymorphisms are either selectively neutral or deleterious 64 (i.e., subject to purifying selection), but an alternative explanation is that existing methods 65 lack sufficient power to locate adaptive coding variation. Furthermore, population genomic 66 approaches to date are typically designed to identify recent selective pressures acting on 67 candidate genes or genetic regions that vary within modern human populations, a segment 68 of time that is only a minor fraction of the depth of the human lineage. We, therefore, have 69 the opportunity to discover thousands of novel adaptive changes by using complementary 70 approaches. 71
In this article, we integrate phylogenomics and population genomics to discover 72 candidate adaptive polymorphisms and apply it to the human exome. Our approach 73 advances beyond the current phylogenetic methods that compare patterns across species, 74 but are blind to variation segregating within a given species ( Voight et al. 2006 ). We applied this new approach to over 500,000 polymorphic missense 82 alleles (1000 Genomes Project Consortium 2015 reported in human proteins, which 83 revealed over 18,000 variants that exhibit non-neutral evolutionary patterns. We explored 84 a wide variety of non-adaptive phenomena to explain the existence of these variants and 85 investigated available genotype-phenotype association studies to determine if the non-86 neutral variants revealed by our new approach have had significant impact on human 87 phenotypic variation. 88 89
New Approaches 90
Our approach exploits the neutral theory framework, where variation arising from long-91 term molecular evolution among species informs a null model of observed within-species 92 patterns of selectively neutral variation (i.e., no fitness effect) (Kimura 1983 ). This 93 relationship is useful to identify adaptive proteins that deviate from neutral expectations 94 and have undergone adaptive evolution (Hudson et al. 1987; McDonald and Kreitman 95 1991) . In our novel allelic approach, we first capture long-term evolutionary history with 96 estimates of the neutral evolutionary probability (EP) of observing each of the possible 20 97 segregating amino acid residue alleles at a given amino acid position. EP is computed using 98 a Bayesian framework and a multispecies alignment; it is an average of posterior 99 probabilities weighted by the divergence time of each of the species relative to humans in 100 the species timetree used (Liu et al. 2016) . The sum of all allelic EPs is 1.0 for each amino 101 acid position. Importantly, EP for an amino acid allele at a given protein position is not 102 affected by the presence of a consensus base at that position in the human reference genome 103 or by the corresponding alleles that segregate in humans, because this information is 104 excluded from the multispecies alignment when EP is calculated (Liu et al. 2016 ). EP of 105 an allele at a given position is, therefore, completely independent of intra-specific variation. 106
Under neutral theory, residue alleles with low EP (< 0.05) are not expected to persist within 107 populations and are, therefore, predicted to impact function and fitness (Liu et al. 2016) . 108 Indeed, less than 1% of simulated neutral EPs fall below 0.05 in computer simulations, 109
where we used the 46 species time tree in Fig. 1a Therefore, EP can serve as a null expectation that predicts the neutral probability of 113 observed within-species variation. Contrasting the former against the latter produces a 114 direct neutrality comparison, e.g., non-neutral residue alleles with low EP (< 0.05) are 115 expected to correspond to missense mutations that are found at low allele frequencies (AFs) 116 due to purifying selection (Liu et al. 2016) . Consistent with this expectation, 91% of 117 disease-associated missense variants in HumVar (Adzhubei et al. 2010 ) have low EP (< 0.05) and low AF (< 1%). More generally, EP shows agreement with observed global AFs 119 calculated from the 1000 Genomes data ( Fig. 1b ; R 2 = 0.83, P < 10 -15 ). 120
We used the above considerations to build an Evolutionary Probability Approach (EPA) 121 to identify non-neutral (EP < 0.05) alleles that occur with unexpectedly high population 122
AF. When applied to protein sequence variation, such alleles will likely impact protein 123 function, and their prevalence may be due to adaptive pressures. Therefore, we refer to 124 them as candidate adaptive polymorphisms (CAPs). An observed allele is designated a CAP, 125 if it has an EP < 0.05 and AF > 5%. These thresholds were chosen because the empirical 126 probability of observing a CAP for neutral alleles, Pneu, falls below 0.05 for 1000 Genomes 127 Project data ( Fig. 1c) , which represents a significant departure from selective neutrality 128 and forms the basis of EPA. EPA is analogous to empirical outlier approaches frequently 129 utilized in population genomics, including those that identify candidate adaptive 130 polymorphisms with metrics such as FST or Tajima's D (Lewontin and Krakauer 1973; 131 Tajima 1989) . A critical difference is that we use information from both phylogenomics 132 (EP) and population genetics (AF) to identify CAPs, which makes EPA a two-dimensional 133 approach and complementary to available methods. 134 135
Results and Discussion 136
We applied EPA to 515,700 polymorphic missense alleles ( EPA revealed 18,724 candidate adaptive polymorphisms (EP < 0.05) whose allele 145 frequencies showed significant departure from neutrality (Pneu < 0.05). These CAPs were 146 found in 7,815 proteins (see www.mypeg.info/caps for a list of residues) distributed across 147 all autosomal chromosomes ( Fig. 2a) . Many proteins harbor multiple CAPs (Fig. 3a) , e.g., 148 more than 20 CAPs were found in HLA ( Fig. 2b) including sensory perception, immunity, and metabolism ( Fig. 3b ; Supplementary Table  153 1). 154 Furthermore, a vast majority (> 70%) of known adaptive amino acid polymorphisms 155 were found to be CAPs ( Table 1 ; Supplementary Table 2) , which is a significant 156 enrichment (permutation P < 10 -7 ). EPA also discovers a majority of the protein 157 polymorphisms predicted to be adaptive in previous population genomic analyses 158 ( Supplementary Table 3 ), which suggested that the CAP catalog contains many truly 159 adaptive alleles. Still, the size of the CAP catalog is over 200 times larger than the number 160 of previously identified adaptive polymorphisms ( Table 1, Supplementary Tables 2 and  161 3). inflate neutral or deleterious missense allele frequencies. We, therefore, examined the 168 extent to which genomic features and demographic processes could have given rise to 169
CAPs. 170

Mutation rate differences and biased gene conversion 171
Given that mutation rates are known to affect allele frequencies (Harpak et al. 2016 ), we 172 investigated the potential for mutation rate variation to result in false positive CAPs. We 173 first examined if mutation rates were elevated in codons containing CAPs by comparing 174 the rate of occurrence of synonymous variants in codons that contained CAPs with codons 175 that did not contain CAPs. These two rates were very similar, as 5.7% of the CAP-176 containing codons also harbored a synonymous polymorphism and 5.4% of non-CAP 177 codons harbored a synonymous polymorphism. This result suggests that mutation rate 178 differences do not explain the observed distribution of CAP allele frequencies. 179
In addition, the hypermutability of CpG sites did not explain the persistence of low EP 7 alleles at high frequency due to recurrent mutations. We found a smaller proportion of CpG 181 overlapping CAPs relative to non-CAPs (26% and 33%, respectively). Furthermore, we 182 considered whether biased gene conversion could result in false positive CAPs 183 (Ratnakumar et al. 2010 ). However, fewer than 1% of CAPs were within regions of known 184 biased gene conversion (Capra et al. 2013; Rosenbloom et al. 2015) , and the frequencies 185 of weak to strong (W→S) and strong to weak (S→W) changes (Lachance and Tishkoff 186 2014) for non-CAP alleles (with EP < 0.05 and AF < 5%) were not significantly different 187 than CAP alleles (P = 0.90). 188
Relaxation of purifying selection 189
We also examined the possibility that CAP-containing human proteins have experienced 190 relaxation of function in the human lineage. While we think this is unlikely, because it 191 would require a vast fraction of human proteins (> 7,000 out of 22,000) to be under reduced 192 selection, we investigated missense mutations that cause Mendelian diseases and compared 193 the frequency of these mutations in CAP-containing proteins and non-CAP proteins (see 194 Methods). We did not find a significant difference in the preponderance of disease 195 mutations in CAP and non-CAP proteins. Therefore, it is unlikely that CAP-containing 196 proteins have become less functionally important relative to other human proteins. 197
Adaptive hitchhiking 198
Deleterious alleles located in genomic regions, which have undergone selective sweeps, 199 can hitchhike to higher than expected frequencies merely due to proximity to and linkage 200 disequilibrium with nearby adaptive alleles (Chun and Fay 2011). Only a small number of 201 CAPs (6.7%) are located in selective sweep regions (Schrider and Kern 2016). This 202 observation is supported by previous studies (Chun and Fay 2011) that investigated the 203 impact of hitchhiking on deleterious allele frequencies and found only a few hundred 204 deleterious hitchhiking nonsynonymous SNPs with common allele frequencies (≥ 5.9%) in 205 the 1000 Genomes Project data. Therefore, hitchhiking of deleterious alleles with selective 206 sweeps does not appear to explain an overwhelming majority of CAPs. 207
Human demography 208
Human demographic history may explain the prevalence of CAPs, because the migration 209 of modern humans out of Africa and subsequent population expansions could have resulted 210 in higher than expected frequencies of deleterious and mildly deleterious alleles. However, 211 it is not likely that these alleles overwhelm the set of CAPs identified, since even a purely 212 neutral model of human evolution does not explain the fraction of alleles found at high 213 allele frequencies: the SFS of empirical CAPs shows a dramatic skew towards high 214 frequency alleles relative to neutral expectation (Fig. 4a) . We then tested if the CAPs SFS 215 can be generated by human demographic history in combination with various models of 216 selection. We employed a model based on differential equations to approximate the 217 
Validating CAPs 242
Generally, traditional functional evaluation of CAPs that arose in the human lineage is 243 challenging, because in vitro and in vivo approaches are low-throughput, require a priori 244 functional information for experimental design, and do not provide the impact of individual 245 alleles on higher-level human phenotypes. Furthermore, it is not possible to test human 246 fitness in a controlled/laboratory setting, and it is often not relevant to test the functional 247 impact of CAPs in non-human model systems. It is, however, possible to take an 248 organismal approach to investigate allelic impact on natural, population-level human 249 variation using phenotype-association studies. For example, many well-known adaptive 250 missense variants (Table 1) 2009) for high EP alleles associated with reduced fitness, i.e., the low EP CAP alleles 256 associated with fitness benefits. That is, the evolutionarily preferred allele prior to the 257 divergence of humans and chimpanzees (high EP, EP > 0.5) has experienced a reversal of 258 fortune and become detrimental. We found 253 high EP alleles to be associated with disease 259 phenotypes in contemporary humans, where the low EP CAP allele occurs with AF > 5%. 260
We also scanned the NHGRI-EBI catalog (MacArthur et al. 2017) of curated GWAS 261 studies to identify additional CAP and found 158 CAPs. Of these, 101 showed odds ratio 262 (OR) less than one for at least one discrete trait related to reduction in the incidence of the 263 associated abnormal phenotype. That is, 60% of the CAPs are protective against the 264 increased disease risk ( Supplementary Table 4 ). One such example is a CAP found in the 265 LOXL1 protein that confers a 20-fold decrease in risk for developing exfoliation glaucoma, 266 a leading cause of irreversible blindness (Thorleifsson et al. 2007 ). Another is APOE, 267 which decreases risk five-fold for significant cerebral amyloid deposition (Li et al. 2015) . 268
These findings not only suggest functional implications of CAPs, but also that many CAPs 269 are associated with health benefits. 270
Beyond the limited number of variants in the NHGRI-EBI GWAS catalog, we 271 investigated phenotypic associations in GWAS database that contains a large catalog of 272 genotype-phenotype association studies. We mined data available from GRASP2 (Leslie 273 et al. 2014) to determine whether CAPs have had significant impact on human phenotypes 274 more broadly. We found that 11% of CAPs were significantly associated with tested 275 phenotypes (2,073 alleles at a significance threshold of P < 10 -8 ), which we refer to as 276 pheno-CAPs. This prevalence of pheno-CAPs is significantly higher than what is expected 277 by chance (permutation P < 10 -7 ). Moreover, less than 1% of frequency matched non-CAP 278 alleles are significantly phenotype-associated in GRASP2 (P < 10 -8 ). We tested the 279 possibility that low-EP deleterious recessive alleles have persisted at significant population 280 frequencies. If this had been the case, we would expect an excess of heterozygote CAPs 281 relative to neutral expectations. However, very few CAPs (2.5%) displayed a significant 282 excess of heterozygosity (χ 2 P-value < 0.05). Moreover, after excluding pheno-CAPs that 283
are not shared across all 1000 We expect pheno-CAPs to be enriched for causal alleles. There are many reasons for 289 this expectation. First, amino acid polymorphisms alter the sequence of functional genome 290 entities (proteins). Second, if pheno-CAPs are causal alleles then we would expect them to 291
show the strongest association P-values among all tested missense variants. This is indeed 292 the case for 92% of CAP proteins, where a pheno-CAP has the strongest association of all 293 missense variants in that protein for a given phenotype in the GRASP2 database (Leslie et 294 al. 2014 ). Third, a vast majority of putative adaptive variants in humans are CAPs (Table  295 1) and are derived variants in modern-humans; they are not shared with archaic hominins. 296
In conclusion, we have found over 18,000 missense human polymorphisms that are 297 candidates of beneficial selection. This new adaptive allele catalog is made possible by the 298 EP approach, which is sensitive to a timeframe that predates the out of Africa migration of 299 modern humans, but is not limited to fixed differences between species (Anisimova and 300 2013). Our results suggest that the temporal sensitivity of the EP approach is able to 310 generate a catalog of candidate adaptive polymorphisms that is enriched in functional as 311 well as beneficial variation. We expect many CAPs to be involved in compensatory 312 evolution and synergistic epistasis to counter genetic load exerted by deleterious variants 313 that have risen to high frequencies due to human demography and genetic drift. Therefore, 314 
Evolutionary Probability Approach Framework 343
We began with the premise that for a given amino acid position, the probability the position 344 has been neutral (EP) over long-term evolutionary history (inferred from inter-species property, we did not find any CAP alleles in all three of the Great Ape species (chimpanzee, 363 gorilla, and orangutan) in our multispecies protein alignments. A comparison with 364 chimpanzee proteins revealed 3.5% CAP allele sharing, and gorilla and orangutan showed 365 0.7% and 1.1% CAP allele sharing, respectively, with humans. We excluded all of these 366 alleles from all the population genetic analyses, because these CAP residues may have 367 arisen prior to the origin of human lineage. 368
Identifying allele sharing with archaic genomes 369
To determine allele sharing among modern humans and archaic hominins, we collected 370 genome sequencing data for five archaic hominins (four Neanderthal individuals, and one 371 Denisovan individual). One Neanderthal sequence and one Denisovan sequence were 372 acquired from the Max Planck Institute for Evolutionary Anthropology site 373 (http://cdna.eva.mpg.de/neandertal/altai/Denisovan). The three remaining Neanderthal 374 alignments were retrieved from the UCSC Neanderthal Sequence Track 375 (https://genome.ucsc.edu/cgi-bin/hgTrackUi?db=hg19&g=ntSeqReads). We only used 376 sequences that provided > 45% genomic coverage. We defined an allele as shared if it was 377 present in any of these five archaic individuals. A shared allele can be polymorphic or fixed 378 in this aggregated archaic sample. 379
Scanning Genotype-Phenotype Association Catalogs 380
We scanned 75,810 phenotype associated missense mutations in the Human Gene Mutation 381 Database (HGMD) (Stenson et al. 2009 ) for those that occur at CAP sites. We found 973 382 such mutations, which we checked for high EP risk-alleles (causing the abnormal 383 phenotype). A high EP risk allele at a CAP site was considered a "reversal", since this 384 previously favored allele (based on EP) leads to an unfavorable phenotype. We also 385 scanned the NHGRI-EBI GWAS catalog (MacArthur et al. 2017) (January 16, 2018 update) 386 for similar reversals. Filtering the SNPs, we find 158 missense mutations at CAP sites. The 387 NHGRI-EBI GWAS Catalog always reports the risk-allele (the allele that increases 388 phenotypic measurement, e.g., increases disease risk). In order to determine the odds ratio 389 (OR) for the CAP allele, which is often not the reported risk allele, we calculated the 390 inverse (1 / reported OR) when the risk allele was in fact the reversal (high EP allele). An 391 OR < 1 indicates that the allele confers a decrease in abnormal phenotype risk, while an 392 OR > 1 indicates that the allele increases risk for the associated abnormal or case phenotype. 393
Multiple associations were occasionally found for CAPs in the GWAS catalog. We simply 394 reported the study that had the lowest risk-factor (OR) for abnormal phenotypes per CAP 395 allele found. 396
Gene Ontology Enrichment 397
We used the Panther Classification System (Mi et al. 2016) to test for enrichment of Gene 398
Ontology (GO slim) biological processes. As input, we used the list of protein IDs that 399 contain one or more CAPs. We excluded terms with less than two proteins, and we adjusted 400 enrichment P values to account for multiple testing with a Bonferroni correction. 401
Demographic Simulations 402
We performed 10,000 forward simulations of human history for 58,000 generations before East Asian population. Using allele frequencies (AF) from these samples, we followed 414 variants at different AF (0.1%, 1%, and 10%) in the ancestral population and traced their 415 trajectories into the modern day human populations (contemporary populations). For each 416 of these variants, we determined the fraction that achieved > 5% AF (required for CAP 417 status), and were shared among one, two, and three of the contemporary population 418 samples. 419
Simulating selection and fitting distributions of fitness effects 420
We simulated site frequency spectra (SFS) using Moments (Jouganous et al. 2017) to infer 421 distributions of fitness effects (DFE) that explain CAPs for which the human alleles were 422 not shared with any of the three great ape species (chimpanzee, gorilla, and orangutan). 423
Using dadi ), we calculated multinomial log-likelihoods (lnLs) of 424 the observed data (CAPs) for simulated deleterious, neutral, and beneficial selection 425 models (as above). We also calculated lnL of DFE fit for all possible combinations: 426 deleterious and neutral; neutral and positive; deleterious and beneficial; and, deleterious 427 and, neutral, and beneficial. In this case, we used a single point mass fixed for each type of 428 selection and explored various 2Nes values. The model with the highest lnL provides the 429 best fit for the observed data. We excluded all CAPs shared with great apes in these 430 analyses. The best fit model and lnL values for all the CAPs are shown in Fig. 4b . We used 431 likelihood fits and Akaike information criterion (AIC) to select the best model. 432
Examination of the Relaxation of purifying selection 433
We examined the possibility that CAP-containing human proteins have experienced 434 relaxation of function in the human lineage. We investigated missense mutations that cause 435
Mendelian diseases and compared the frequency of these mutations in CAP-containing 436 proteins and non-CAP proteins. This analysis used the HumVar (Adzhubei et al. 2010) 437 dataset and obtained the number of disease mutations normalized by the total sequence 438 length and evolutionary rate of CAP and non-CAP proteins. This normalization is required 439 because longer proteins are known to contain more disease mutations as do slower evolving 440 proteins (Miller and Kumar 2001) . The ratio of two normalized counts was 0.98, which is close to the expected value of 1.0 corresponding to no difference in the preponderance of 442 disease mutations in CAP and non-CAP proteins. 443
Permutation Testing 444
In order to determine whether the observed proportion of CAPs that have been previously 445 identified as adaptive in humans is higher than would be expected by chance, we randomly 446 sampled 18,724 variants from the set of all human missense variants (regardless of EP), 447 and calculated Nsim, which captures how often the simulated proportion of phenotype-448 associated variants was as high or higher than the empirical result. In total, we ran 10 6 449 permutations, and calculated a permutation P-value with the following equation: (Nsim + 450 1)/1000001. 451
Similarly, we tested whether the observed proportion of CAPs that are shared with archaic 452 genomes is higher than would be expected by chance. We randomly sampled 18,724 453 variants from the set of all human missense variants, and calculated Nsim, which captures 454 how often the simulated proportion of archaic-shared variants was as high or higher than 455 the empirical result (6,916 for P < 0.05 and 2,075 for P < 10 -8 ). In total, we ran 10 6 456 permutations, and calculated a permutation P-value with the following equation: (Nsim + 457 1)/1000001. 458
In order to determine whether the observed proportion of CAPs that are also associated 459 with phenotypes in the GRASP2 database (Leslie et al. 2014 ) is higher than would be 460 expected by chance, we randomly sampled 18,724 variants from the set of all human 461 missense variants with an AF > 1% (regardless of EP), and calculated Nsim, which captures 462 how often the simulated proportion of phenotype-associated variants was as high or higher 463 than the empirical result (6,916 for P < 0.05 and 2075 for P < 10 -8 ). In total, we ran 10 6 464 permutations, and calculated a permutation P-value with the following equation: (Nsim + 465 1)/1000001. 466 CAPs. A model with weakly deleterious (purple) and beneficial (green) showed the best fit 725 (lnL = -3,080). It was significantly better than any other combination of models (LRT P << 726 10 -10 ). All CAP alleles shared with great apes (5%) were excluded from observed SFS. 727
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